In this paper, a new corporate ratings methodology is proposed. In this innovating approach corporate ratings are calibrated from data with different frequency in two-steps. Information of firms' credit quality from annual accounting ratios and daily credit derivative spreads yields are combined through a Bayesian approach. To test the performance of this new rating, an empirical analysis is carried out on a sample of 197 public traded international corporations with credit ratings from the big-three credit rating agencies. The ratings generated from the presented approach perform better than the ratings from the external agencies as it is more representative of companies' credit quality over time, therefore this approach is a suitable alternative to internal rating methods.
Introduction
Credit risk is the risk that counterparts default on their obligations, i.e. the risk that a debtor cannot fulfill his repayment obligations. Credit events include the loss of the principal, the default on interest, cash flows disruption or cost escalation. The losses related to credit events vary in amounts and causes. For example, a company which fails to pay one of it's employee on the due date for special reason is mechanically considered as default. Therefore, the occurrence of a credit event is not necessarily an evidence of the risk of the investment. In order to limit the risk of losing the money to potentially lent to borrowers, sovereigns, companies, etc, a bank should undertake various verifications and evaluate the potential loss engendered by potential credit events.
Corporate ratings represent key factors for financial institutions to evaluate the credit risk of investing in the rated companies. In the global financial markets, external corporate ratings are issued by credit rating agencies (CRAs). Among the CRAs, the top three (i.e. Moody's, S&P's and Fitch's Rating) occupy more than 95% of the market. The power of CRAs has been showed during the last decade, where the ratings have been applied as a global benchmark of corporate credit risk. For instance, it has been required by Basel II for the calculation of credit capital requirement for certain banks (BIS (1996) [4] ). Nevertheless, the late and slow reaction to the default of Enron, Worldcom and Lehman Brother undermined the trust of their ratings from people who relied on them to make investment decisions. The inherent conflict of interesting in the credit rating industry exhibited by Becker and Milbourn (2011) [6] and Bolton et al. (2012) [9] implies many questions on the CRAs. The credit rating crisis of 2007-2008 raised the doubts on CRAs' credibility. Evidence of "rating shopping" shadowed their reputation (Benmelech and Dlugosz (2010) [7] ). Credit risk matters to everyone in the market. Thus, corporate ratings should be precise and accurate. The new regulation and supervision authorities require more prudent rating methodologies (BIS(2011) [5] ). Investors, entrepreneur, financial institutions have been relying on and will still rely on credit ratings to make decisions even though the external ratings have been criticised and doubted for long (White (2010) [29] ). Trustable evaluations of the creditworthiness of corporations are required by the fast growing market. Therefore, the purpose of this paper is to introduce a new approach which improves the traditional corporate rating methodology and furthermore provides useful credit references to market This section introduces the methodology to combine market and accounting data to evaluate the credit quality of a company. Table 2 presents the mapping to transform the rating letters 1 into numeric values, labeled as credit scores in this context. Credit scores mapped from the external ratings represent the corporate credit quality evaluated by the CRAs. The notations used in the model are: R δ , R Acc and R CDS , which refer to the final ratings, accounting ratings and CDS ratings respectively; S δ , S Acc and S CDS , which refer to the final score, accounting score and CDS score.
The objective is to assign appropriate credit scores to companies in order to generate fair ratings. A two-steps approach combining the information obtained from the two data sources is proposed to meet the needs. The underlying idea is a weighted average of the credit score obtained from the two sets of information, as exhibited in the following model:
where S δ,i is the weighted average of credit scores of corporation i implied from accounting data and CDS data; S Acc,i and S CDS,i are the credit scores of corporation i derived from accounting and CDS data; and w i is the weight given to the two basic credit scores.
Accounting Score In literature, models based on accounting ratios have been proposed to evaluate the credit risk. On the other hand, CRAs' ratings have been proved can be explained by the accounting ratios. Based on previous researches, we calibrate the credit score based on accounting data in this subsection.
S Acc,i in equation (1) is a function of the accounting ratios, e.g. S Acc,i = f (Acc i ), where Acc i is a matrix of accounting data. Accounting ratios relevant to companies' credit quality include leverage ratios, debt ratios, liquidity ratios, activity ratios, and profitability ratios (Table 4) . Previous studies in this field covered potential models based on linear regression, cross-sectional regression, panel regression, logistic regression and probit regression, etc. The choice of both the methodology and the accounting variables are mainly based on empirical analysis of the explanatory power to history default probability. In the empirical study, we firstly recalibrate CRAs' quantitative rating methodology. Different models are tested to find the best model to calculate the accounting data based credit scores. Then, the accounting data based credit scores are calculated using the best performance model.
Market Score
There are three alternatives of market information reflecting corporate credit quality: bond markets, equity markets or CDS markets. Among the three potential market information for credit quality of the underlying entities, CDS are considered as a better proxy than bond and equity prices which are intrinsically biased (Norden and Weber (2004) and Hull et al. (2004) ). CDS spreads implied credit ratings can quickly adjust themselves to changes in the market (Acharya and Johnson (2007)).
Theoretically, CDS spreads represent pure credit risk. However, in practice there are evidences showing that this does not hold in general. The reason of the variation include liquidity, risk appetite, etc. Scneider et al. (2007) find evidence that equity market volatility measured by the VIX index influence the valuation of the CDS. Callen et al (2007) proved that CDS prices are not only decided by the credit quality of the corporation but also by the liquidity of the product and others marginal factors. Therefore, market risk and liquidity risk premiums are considered at that level. In this study, we follow Fitch's market implied rating approach. CDS values are used as a matrix of the credit quality of the company to derive market implied rating. The approach is extended to filter the market and liquidity risk premium using relevant market information.
S CDS,i is a function of the market data, e.g. S CDS,i = g(CDS i ), where CDS i is a matrix of the CDS relevant market data of company i. The basic relationship is: higher CDS implied credit scores are assigned to the companies with lower CDS values. CDS values are the filtered value of CDS daily prices with respect to liquidity and market risk premia. The spectrum of the corresponding CDS implied credit scores are calibrated based on the history relationship with the CRAs' rating scores.
Weight and δ Score
The "δ-Rating" is obtained through the average of the accounting data based ratings and market implied ratings using the credibility weight ω. Bühlmann-Straub method 3 , the most extensively used and important model in credibility theory, is applied to compute the weight ω (Bühlmann and Alois (2005)).
Theorem 1 (Bühlmann-Straub). The credibility estimator µ in the simple Bühlmann-Straub model:
A.1 The random variables X kj (j = 1, . . . , n) are, conditional on Θ k = ϑ, independent with the same distribution function F ϑ and conditional moments
A.2 The pairs (Θ 1 , X 1 ), . . ., (Θ K , X K ) are independent and identically distributed.
is given by
where
Practically, in our case, X j is the rating implied by the market information and X is the fundamental rating estimated through accounting data. Moreover ω is the weight given to market implied rating and lead to the"δ−rating", as it is the weighted average of the two previous components.
δ Rating
For the exact same reason mentioned above, the numbers to the letters to give the ratings comparable to the CRAs' ratings need to be transferred. The ratings from these scores are given by the following mapping:
In this section, a sample of accounting and market data from 197 public traded companies who are rated by the CRAs and with market data available are collected. These 197 companies are selected from 30 countries worldwide, and cover 35 segments of industry 4 .
In the first step, we use the data to recalibrate the CRAs' quantitative credit scoring model. Then, the accounting data based credit scores and market data based credit scores are derived from the sample. Finally, the δ rating are calculated and compared with the CRAs' ratings.
Accounting Data and Scores
Ratios in Table 4 of the selected 197 corporations are collected from Datastream, which is from 2004 to 2011 on annually basis. For each group of ratio, the accounting ratio with best data quality 5 are selected. Leverage ratio is calibrated by liabilities/assets; debt ratio equals total debt/total assets; liquidity ratio equals current asset/liabilities; profitability ratio equals EBIT/assets. Table 6 Table 7 shows statistics of whole sample, and sub-sample of investment and non-investment grade 6 companies' financial ratios. The results support the hypothesis relations listed in Table 4 , except for activity ratio. The investment grade corporations have lower leverage and debt ratio, higher liquidity and profitability ratio, and bigger size. There is no significant difference of the growth rate between the two groups.
To recalibrate CRAs' quantitative rating model, different regression approaches are applied to the sample. The results of the methods are summarized in Table 8 and 9. The p−values and the adjusted R 2 -values indicate that the accounting data can explain around 30% to 50% of the ratings issued by the CRAs with the simple linear regression. Yet, with logit and probit regression, the explanation power decrease sharply to less than 10%. This observation is consistent with the rating methodologies announced by the CRAs. Their reports state that they assign the rating according to the ordinary level of the ratios, which is closer to linear regression than other regression models. Besides, after 2007 accounting ratios give better explanation to ratings than before in terms of higher adjusted R 2 -values. It indicates that the CRAs rely more on the fundamental data than other factors since the start of the crisis.
There is a clear break point for the influence of leverage ratio. Before the year 2007, the higher leverage is considered as a positive sign for the credit quality. Whereas since the crisis, which was blamed for excessive leverage, the high leverage is considered as the factor of credit quality with a negative symbol. Activity ratio, profitability ratio and size played as a positive factor for corporation credit quality through the eight years. Debt ratio had negative sign from 2004 to 2008, but the sign changed to positive after 2009. The interpretation is that during and after the crisis, only those bigger and stronger corporations are able to financing themselves trough raising debt. The companies with weaker credit quality are either forced to reduce their total debt or delist because of the capital chain break. Liquidity ratio show positive sign from 2004 to 2009 but statistically insignificant. After 2010, it had positive sign and significant at 2011. This result is ambiguous. As we known, the new Basel regulation increased the requirement of liquidity ratio for banks. Even through it is not implemented for corporations, there are many cases of bankruptcy during the crisis because of the insufficient cash flow. The inconsistence of this regression results with the fact in the market bring the doubt on the accuracy of the ratings given by the credit rating agencies. Finally, influence of growth rate is not consistent through the years. It is reasonable, because the growth rate depends on the development stage and industry of the corporations which is not necessarily linear related to the credit quality of the corporation.
To test whether there is difference between the ratings given to investment grade and non-investment grade corporations, we do the same regression to the two sub-groups of the data. The results are listed in Table 10 , 11, 12, and 13. There is no significant difference. Moreover, the results of panel regression with pooling, fix effect, random effect, and logit and probit methods are tabulated in table 14. With the simple pooling regression method, the panel data of financial ratios can explain around 30% of the CRAs' ratings. The R 2 of fixed effect, logit and probit regressions are much smaller, which indicate that the CRAs do not consider the difference in business practices across companies, neither non-linear relation between the accounting ratios and credit quality of the corporations. The R 2 of random effect panel regression is around 30% which means that there the ratings measure the changes over time but not across entities. Compare the results between the year 2004-2006 and 2007-2011 , there is a clear evidence that the world switched from a leveraging to a deleveraging. Besides, the influence of liquidity ratio is insignificant through the whole period, which indicate that this important credit variable has not been paid enough attention by the CRAs. Across the 8 years, debt ratio showed negative sign; profitability, activity and size are considered as a good signal; the influence of growth rate is still undefined.
To calculate the accounting data based ratings for the year 2012 and 2013, we collected the same ratios for the sample and use the linear regression model with the data from 2007-2011 to estimate the accounting data based credit scores. The forecast scores using the accounting data are compared with the credit scores CRAs' ratings. Figure 1 plots the accounting data based scores against the S&P's rating scores for year 2012 and 2013. Table 16 summaries the difference between the S&P's rating scores and the forecasted rating scores. The results show that accounting based scores are higher than the S&P's rating scores at the lower range of credit scores which corresponding to the category of non-investment grade ratings. For the investment grade ratings, at the higher range of credit scores, accounting based scores are lower than the S&P's rating scores. 
Market Data and Score
The selected companies' 5 year credit default swap (CDS) daily last price, bid and ask prices are collected from Bloomberg on from the 1st Jan. 2008 to 31th Dec. 2011. Table 15 show the statistics of the sample of CDS last, bid and ask prices by each rating groups according to the Moody's updated rating at the corresponding data collect date. If CDS prices reflect the credit risk of the corporations as the same way of the CRAs' ratings, then CDS of the reference entities with similar ratings should be priced similarly or vice versa. Ideally, there should be a clear spectrum where the entity with higher rating has lower CDS prices. The value in Table 15 indicates the level of CDS prices increase with lower ratings which shows a clear relation with market information and CRAs' ratings on an average level. However, there is not a clear boundary of the CDS value for each rating group. Figure 4 shows the evolvement of the CDS last, bid and ask price series through the time by each rating groups. Figure 5 show the average value 6 Documents de Travail du Centre d'Economie de la Sorbonne -2014.77 of the select companies' CDS daily last prices for each rating groups for the last six months' CDS data and ratings in 2013. A clear fact reflects from the time series plots is that CRAs' rating is an ordinary risk matrix rather than absolute risk estimation of the credit of the companies. The average CDS prices varies significantly through the three years period within each rating groups. On the one hand, the fact consistent with the CRAs' principle of issuing the "through the cycle ratings", on the other hand it reflects market are much more sensitive to the actual credit quality of the entities which serves better investors interesting.
To calculate the implied CDS rating of the selected companies. We collected a larger group of companies' 5 year CDS data to generate the spectrum of the CDS implied scores. Then, the data of 2012 and 2013 are applied to the generate the CDS implied credit scores. The results are show in Figure 2 . Market data implied credit scores show the same trends as the accounting data implied credit scores. Generally, the non-investment grade rated companies' credit qualities are underestimated with reference to the CDS implied scores. On the other hand, the investment grade rated companies' credibility are overestimated. For each company, there are around 250 estimation point for the CDS implied credit scores. The companies with lower credit scores tends to have more volatile estimations, which impairs the stability of CDS implied ratings. 
δ-Rating
Based on the accounting data implied credit scores and CDS data implied credit scores, the weight w is calculated by equation 3. Thereafter, the weighted averaged score S δ,i is computed for each company i. The accounting based credit scores, CDS implied scores, weights and δ-Score of period from July. 2013 to Dec. 2013 are summarized in Table 17 and exhibit in Figure 3 . The CDS score is the average market implied S CDS,i for each company, accordingly τ 2 is calculated by the 6 months' variance. Since accounting based credit scores are much stable compared to CDS implied credit scores, higher weight w i are given to S Acc,i (Table 17) .
Generally, δ-Score follows the same trend as the S&P's rating scores. The disparity aggravates at the two tails. Taken S&P's rating scores as benchmark, S Acc,i , S CDS,i and S δ,i all indicate lower credit quality at the right tail and higher credit quality at the left tail for most companies. The cut-off line is around 0.55. According to S&P's rating scores (Table 2) , this is coincident with the threshold of investment grate ratings. If a company has the score lower than 0.55, it will fall into the non-investment or "junk" investment rated groups. Since S δ,i is the weighted average of S Acc,i and S CDS,i , it is not surprising that the result follows the same feature as the accounting based credit score and CDS implied credit score. Nevertheless, S δ,i is more updated compare to S Acc,i and more stable compare to S CDS,i . Through the weight w, and the time period of calculating S CDS,i and w, the more frequent market information and less frequent fundamental information of the companies credibility are combined to have a relative stable and updated estimation. This approach provide the flexibility of updating the credit information of the 
Conclusion
During last decades, credit rating agencies provided good service to financial market. They contributed to the growing of over the border investment and international investment. Unfortunately, the value of such their ratings has been questioned since the recent financial crisis. Criticism has been raised on the credibility of the ratings. No matter it is because of the potential conflict of interest to earn high fees for the issuers or the dated rating methodologies, the fact is the accuracy of their ratings are quite questionable. In this paper, we studied the corporate ratings through two difference approaches and propose a methodology to updating the credit information of the underlying entity and also abide by the fundamental information of the company.
There are several interested results have been discussed in this study. Firstly, the accounting data are used to recalibrate the CRAs' rating methodology. After testing all the potential models, we find the simple linear regression can provide the best explanation of their ratings using accounting ratios. The study also shows that the model needs to be updated after the 2007 where the affect of leverage has been changed for evaluating the credit quality of the company. Secondly, the CDS implied ratings are consistent as the CRAs' on an average level. The lower the CDS value, the higher the ratings of the entity. The diverse happens when it comes to the very high or low rated companies. This scenario is true for all the approaches which include the accounting data implied ratings, market data implied ratings and the δ-ratings. This finding can help to explain the cases when the highly rated "AAA" companies suddenly fallen into the bottom. But what is also interested is the underestimations on the other tails, which indicated the potential investment opportunities might be underrated.
In brief, the results consistently proved the bias of CRAs' ratings and provide several approaches to adjust the CRAs' ratings. It is true that only using quantitative modeling cannot capture the complex structure of the credibility of the companies, but the experts adjustments should follow the correct logic column. Second column exhibits the formula. The relation between the ratio and the credit quality are given in the last column.
For example, "+" means the increase in the ratio leads to the increase of the credit quality, or a better rating; "-" means the increase in the ratio leads to the decrease of the credit quality, or worse rating. 
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